In 1998, CIGCES, in collaboration with the BRGM (France), embarked on a "added-value" project to create a mineral-potential GIS of Gondwana. This involved integrating the current GO-GEOID database with a spatial analyst software package, SynARC, that enables the processing and combination of data from highly diverse origins (Braux, 1997) . Details of the project and its products, such as GEORAMA, a dynamic viewer of the GONDWANA GIS data, are available on the following websites: http://www.uct.ac.za/depts/cigces/ and http://gondwana.brgm.fr/.
Intelligent spatial analysis using GIS
The technical difficulties of assembling a large number of spatial datasets from diverse sources are challenging (Wilsher et al., 1993; Bonham-Carter, 1994) . Many GIS users become so involved in the technical problems of data transfer, data merging and data visualization that they lose sight of the more substantive reasons for carrying out a GIS project in the first place, namely spatial analysis of the data and modelling. These goals include the quantitative characterization, understanding and prediction of spatial phenomena, which often form the basis for making decisions (Bonham-Carter, 1994) .
Spatial Analysis of GIS starts with the basic operation of visualization (exploratory data analysis (EDA)). Visualization is a critically important function in GIS: the human ability to recognize spatial relationships on maps, images and other graphical displays is exploited in GIS through video displays (on screen) or hardcopy (maps) output. Geoscientists are accustomed to looking at maps, and from the map patterns they have the ability to postulate geological structure. This is similar to the way that statisticians describe data and then from the descriptive statistics postulate a model of the data. But these models need testing against a background of often disparate but substantial complementary data.
Instead of ploughing through reams of tables, the GIS user can explore such data with queries and then transform tables of data into new "pictures": (a) Reclassification on basis of attributes. The original geology map is an unintelligent map of polygons, which by using the attribute tables, can be reclassified showing for instance the age or lithostratigraphic code of each polygon. The trained geologist can now visualize more easily a coherent picture of the stratigraphic framework. (b) Querying of the database: By querying the database, relevant information can be extracted in a form that the scientist can use to test or postulate models. Similar to simple querying of the database, the user can also use prescriptive techniques to manipulate and analyze the database, which is often the ultimate purpose of most GIS projects. In a general sense, a GIS model can be thought of as the process of combining a set of input maps with a function to produce an output map:
Output map = f(2 or more input maps) The function f, takes many different forms. Before the function f can be applied, the input maps, which are usually in vector form (e.g. lines, points or polygons), may need to be converted into a mesh or pixel mode (SynArc, for example, only uses maps in grid format). Each mesh (here referred to as a cell) carries a coded value (true binary or ternary), derived from the input map.
In this paper three methods of map modelling will be demonstrated. Although other methods, like multivariate statistical analysis, fuzzy logic etc. are also possible, these are beyond the scope of this paper. The simplest and best-known type of GIS model is based on Boolean operations. A second type is known as the index overlay method: maps are added together in a weighted combination (multicriteria analysis). A third type is a Bayesian probability model, in particular the weights of evidence model. Below we examine all three approaches to illustrate their usefulness by analyzing our mineral data of Africa incorporated in the Gondwana GIS; these approaches are summarized in Figures 3a and 3b.
Boolean Logic Models
The simplest GIS model is based on Boolean operations. These operations correspond to the set operations of complementation, union and intersection. This is the basis for most GIS-related integration (Robinove, 1989) and this was outlined in depth in our previous work (Wilsher et al., 1993) .
De Wit et al. (1999a) used the basic technique of querying using Boolean logic in analyzing the distribution pattern of tin and tungsten deposits to test a tectonic model of a Rodinia supercontinent configuration. In this paper we will evaluate the gold and tin potential of Africa and derive simple gold and tin potential models. We focus on gold and tin because of their very different broad geochemical properties (viz. chalco-siderophile and lithophile, respectively), so that the usefulness of our approach can be evaluated from applied as well as basic-research perspectives. To realize our goals, each site of known gold/tin mineralization across Africa is analyzed to satisfy a number of conditions. These are given in Table 1 .
The first step is to produce 3 binary maps (Figure 4 ) satisfying the 3 conditions given in Table 1 . Finding the intersection between these three maps then produces a potential map ( Figure 5 ). Using this technique, we produce a first order potential map -a "back of the envelope" model. However, this simple type of map modelling is almost entirely knowledge driven. The user must a priori decide what layers to combine. Note what happens when his/her knowledge is limited ( Figure 5A ): there is poor correlation between the actual (known) gold deposits and our potential map ( Figure 5B ). Most geologists would appreciate that this poor result is a function of query 2 shown in Table 1 . Reformulation, for example, to include igneous rocks in greenstone belts would result a more credible potential map. However, the non-expert may not be able to evaluate this. Clearly, expert knowledge is a prerequisite for a meaningful result. A close correspondence between the known tin deposits and a similar tin potential map (based on knowledge that tin deposits are closely related to granites and their skarns) reiterates this knowledge dependence ( Figure 5B ). (A) Prescriptive models are "knowledge driven": these models depend entirely on prior knowledge about the geologic environment in which specific types of mineral deposits form. Three different models are shown: Boolean, binary multicriteria and complex multicriteria. W = weights and = intersection. (B) Predictive models are largely "data-driven." In these models, knowledge that a particular deposit (e.g. gold) is found within a specified area is incorporated into the analysis. See text for further explanations.
Multicriteria analysis
where maps are added together in different weighted combinations (Bonham-Carter, 1994) 1 . The simplest kind of index weighting is where the input maps are binary and each map carries a single weight ( Figure 3A ). When maps are not binary, then multi-class maps (different layers of database) can be combined by first assigning a weight to each map and then assigning another (internal) weight to the criteria that constitute the map ( Figure 3A ). The advantage of this index overlay procedure is that each input map used is assigned a different weight depending on its inferred significance to the hypothesis under consideration. The disadvantage is that the resulting models remain subjective (knowledge-driven; Figure 3A ).
Multicriteria analysis using binary Maps
Binary maps are added together in a weighted combination in the following manner: Each map (or layer) is multiplied by its weight factor, summed over all the layers being combined and normalized by the sum of the weights. The result is a value ranging between 0 and 1. Thus each cell in the matrix will have a value (score, S) between 0 and 1. This score will then be used to produce an output map of scores.
The output score S is defined as Figure 4 . Three different layers are specified for analysis of (A) gold and (B) tin. In Boolean analysis (standard GIS querying) only polygons satisfying all the criteria (intersected) are use in forming potential mineral maps. The predictive maps are shown in Figure 5 . Table 1 . Simple query structure for Boolean analysis applied to gold/tin deposits of Africa. All three conditions must be satisfied to realize a high mineralisation potential. Note that conditions for gold are deliberately constructed to yield a poor result (see text).
Conditions

Gold Tin 1
The cell must be within the polygons of Archean age The cell must be within polygons of Proterozoic and Phanerozoic age 2
The cell must not reside in igneous rocks The cell must not reside in mafic/ultramafic rocks 3
The cell must be located within a specified distance The cell must be located within a specified distance from from tectonic features such as faults and shear zones a granite polygon.
(
1
The software SynARC is based on this method (Braux, 1997) and several of the potential maps in this paper were created using this software.
As an alternative, the open domain software Arc-WofE (1998, http://ntserv.gis.nrcan.gc.ca/wofe/) was used to create Figure 10 .
where Wi is the weight of the i th map, and class(MAPi) is either 1 for presence or 0 for absence of the binary condition.
The result produces a map showing regions that are ranked according to the score (a ranking near 1 is the most favorable and a ranking near 0 is the least favorable).
2
Before weighting the different thematic layers, binary maps must be created. For our purpose these are given in Table 2 .
Two resulting maps are shown in Figure 6 . Clearly there is still significant mismatch between Africa's known gold deposits and the potential (favorable) regions selected by this multicriteria analysis. One reason might be that the binary maps were not formulated with enough effective information. Note, for example, that sedimentary/metamorphic rocks were specifically eliminated from the analysis by design. This would automatically have filtered out deposits, such as those of the Witwatersrand and Ashanti gold fields. Another reason is that the binary overlay method is restricting because some information is discarded when creating the binary input layers. In the next section the use of Multi-Class maps in the multicriteria analysis addresses this latter shortcoming.
Multicriteria analysis using Multi-Class Map
Multi-class maps distinguish between an external and an internal evaluation. Each layer/map is allocated a weight (Wi), the external weight, as is done in the binary method. In addition, different, geological information of each map (say map i) is also assigned different scores (known as internal weights, or class(MAPi)j). The score of each cell is then defined by:
S is the total score for a cell, and Wi is the weight of the i th map. Class(MAPi)j is the weight for the cell within map i; the value of j depends on a specified class occuring in a pixel (cell). Note in formula 2, the score is normalized against the sum of the external weights (denominator), although this is not incorporated in SynARC.
In this approach of thematic weighting, the user effectively creates a multicriteria matrix in which layers are represented by an external weight, whilst any information attached to each layer is given as an internal weight (score; see for example insets on Figure 7 and 8). This matrix is then used to calculate the total score (S) of each cell (pixel).
In our gold analysis, two models are fitted. Both the potential map and the multicriteria matrices of these two models (model 1 and 2) are given in Figures 7A and 7B . In model 1, the thematic layers are weighted equally (external weights). In model 2, the thematic layers are weighted differently (see Figure 7B ) and the individual scores (internal weighting) are also adjusted to different values.
In Figure 8 , the potential map for tin (as well as the multicriteria matrix for this model) is shown. Three layers (maps) are combined with external weights of 1, 3 and 5, and the scores of the internal weights are given in the inset at Figure 8 . These 3 models are just a start: there are infinite ways of weighing and combining the thematic layers and the individual scores in each group. At the same time this wide-choice illustrates the shortcoming of multicriteria analyses: the approach requires (often intuitive) geologic knowledge of an expert to create the multicriteria matrix, which in turn is The poor correlation reflects the poor geologic knowledge input into the initial condition stipulated (see text). Closer correlation exist between tin deposits and areas predicted to be favorable for tin mineralization. This probably reflects a realistic model for the formation of tin deposits as defined by the initial query. Note however that the low number of tin deposits used in the query may also be a controlling factor. used as input to create a metal potential model. If the expert finds that the map is not what s/he expected, the weights/scores are changed or the maps altered. The expert in effect justifies the fitted model, based on her/his experience. The results therefore remain subjective. In the next section this problem will be addressed, by using a more "data-driven" approach.
Predictive Analysis: Bayesian Method -weight of evidence modelling
In this section the modelling process is based on a Bayesian probability models. The weights of evidence method is a log-linear version of the general Bayesian model (Bonham-Carter, 1994) . Known mineral deposits are now used as a reference set. These deposits are treated as binary; they are either present or absent. In the raster map, the cell (pixel) in which the deposit occurs is treated as a binary area with the value 1 (deposit present/true); 0 (deposit absent/false). The ratio of the total number of present pixels to the ratio of the total number of cells (present and absent) in the map is known as the prior probability. This initial or prior probability of the mineral deposit can now be modified by other sources of information (evidence like stratigraphy, rock types and tectonic structures), resulting in a posterior probability. Some evidence will cause the posterior probability to increase (likelihood of mineral deposit will increase) or decrease (see Figure 9 for an example). Thus if sufficient data are available to estimate the relative importance of evidence, this datadriven approach can be used.
Using the known deposits in the area, the prior (initial) probability of a deposit is Figure 6 . Binary multicriteria analysis of gold and tin deposits, showing areas predicted to be favorable for mineralization. The input binary maps are explained in Table 2 (A and B for gold and tin, respectively). The weights applied are given in Table 2c .
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(3) where N(D) is the number of deposits and N(T) is the total no of pixels in the area (in Figure 9 , N(D) = 10, and N(T) = 50). The conditional probability of a deposit given the prescence of a binary pattern B is
Thus the conditional (posterior) probability of a deposit given the presence of the binary pattern is the prior probability of the deposit multiplied by the factor P(B|D)/P(B). A similar expression can be derived for the posterior probability of a deposit occurring given the absence of the binary pattern:
These two posterior probabilities can be expressed in the odds formulation For one binary pattern it is easy to calculate the probabilities directly, but when evidence from several maps is combined, the weights are calculated from each map independently and then combined into a single equation.
Thus if we can assume conditional independence of the binary maps with respect to the deposits, then the general expression for combining i= 1,2,…,n maps is
In each pixel (cell) the likelihood of finding the desired deposit is evaluated by using expression 10. In this equation, Wi + is replaced by Wi -if Bi is absent rather than present.
Suppose we want to create a predictive map for gold deposits for Africa. The following information is available: The number of gold deposits of a known size (greater than occurrences) currently in our database of Africa is 1218 (out of a total number of 2125 which includes occurrences); gold is most often found in older rocks (Archean ≥ 2500 Ma) and in greenstone belt sequences, commonly nearby major shear zones. The two input maps of Archean rocks and greenstone belts were chosen by an expert (a subjective approach). For the third input map we assume that a perpendicular distance from major shear zones must be less than 10 km; in our models we choose a more stringent cut-off value of 1 km on both side of identified shear zones. 4 Figure 9 . Schematic rectangle illustrating the concept of "weights of evidence". The area of interest (map), is divided into T unit areas (N (T) = 50). There is one binary pattern (grey, represented by symbol B, N(B) = 9). The occurrence of known mineral deposits is denoted by a * (N(D) = 10). The prior probability of a deposit is therefore 0.2 (P(D) = 10/50); the odds are 0.4 (O(D) = 10/40); and the posterior probability of a deposit given the presence of B is, P(DԽB) = 0.44 (note that the evidence (pattern B) increases the prior probability). The odds of D given B (e.g. O (DԽB)) is 0.8. Then by using equation (7) and (9) Odds are defined as a ratio of the probability that an event will occur to the probability that it will not occur, e.g. p/(1-p) (10) 4 We tested various distances (in units of 1000m) for an optimum cut-off value and found that the "best" binary predictor for gold is somewhere in the region of 0 and 2 km. For convenience, we selected to work with a cutoff value of 1 km. (5) (6) Figure 10 . Map of the gold potential of Africa. Posterior probability derived from three binary maps; these binary condition are given in the first column of the accompanying table. We incorporated a cell size of 1000m, giving a total number of pixels across Africa, N(T) = 3.0948 x 10 7 ; Arc-WofE allows the user to select unit cell areas that are smaller than (and independent of) the raster resolution. The actual known gold deposits are used to calculate the positive (W + ) and negative (W -) weights of evidence. The number of deposits and the area of each binary pattern are given in the accompanying table. Note the (high) positive association that is indicated by the contrast (Cw). The inset shows a small selected area in Tanzania which compares our predictions (posterior probability) with recent new gold discoveries (±1997 onward)
, not yet incorporated in our database. This illustrates positive validation of our approach.
The resulting potential map and matrix of weights are given in Figure 10 . Note the very high positive evidence (3.41 and 1.74) associated with greenstones and Archean rocks. Note, also that in this example the three maps are binary. A better, or less restrictive, approach would be to use all the classes in the maps. Nevertheless, the map shows a close coincidence to known gold deposits (Figure 2 ) and active ongoing exploration for gold mineralization in Africa such as, for example, in Tanzania where several new recent discoveries have been made. (Inset Figure 10 ; Geodesa, 1999; Borg, 2000; SEAMIC 5 , personal communication 2000). It also points to the great potential in the granitegreenstone terrains of the northeastern Democratic Republic of Congo.
Insufficient data are available for tin, so that the weight of evidence method could not be applied with confidence.
Evaluation and Conclusions
Quantitative analysis of GIS is a growing field. We have combined a GIS database with statistical software packages, SynARC and Arc-WofE, to produce a variety of predictive maps. Various issues, however, should be noted: 1. The influence of cell size on the models. It is assumed that each deposit occupies a small unit area. The prior probability depends greatly on this (in our example the prior probability of a deposit is ~0.0001) . 2. In the weight of evidence modeling we assume that the maps are conditionally independent with respect to a set of deposit points. This means, for example, that the probability of the presence of A (e.g. Archean rocks) and B (e.g. faults) at the locations of the deposits (e.g. P(A BԽD) ) is simply their marginal product at the location of the deposits (e.g. P(AԽD)*P(BԽD) ). Methods to test for the conditional independence are given in Bonham-Carter (1994) . Various methods in handling maps in which conditional independence is found are discussed in Agterberg (1992) and in Bonham-Carter (1994) . We intend to explore this in future work. 3. The deposit size is ignored. Intuatively, large deposits should carry more weight than small occurrences. This needs further testing with more data. 4. Our approach is based on a very large area (continental scale). A more efficient way to find optimum models might be to concentrate on small, very well explored areas with more detailed information and then to use these models to extrapolate across larger regions. Small areas could in essence be used as "training and testing grounds" for the expert. 5. Finding an optimum cut-off value for the "best" binary predictor for shear zones, will be tested on a smaller area, using a much smaller unit cell. We hope to report on this in the future. 6. Our approach is not a "black box" method.
Experience show that it take several tries before optimal solutions are found. Considerable effort needs to be expended in evaluating various weighting factors. Such exploration needs to be unbiased, free of preconceived ideas and heuristic models. 7. The predictive maps of this paper only include the layers currently available in the database. In follow-up work, we hope to include geophysical layers (magnetics and gravity) currently under construction (Doucouré et al., 2000) . 8. The next step in our research is to evaluate how to best "bypass" the expert view and to make the weights of evidence method less subjective. The choice of layers for the age (Archean rocks) and the rock type (greenstone) in our study is dependent on an expert. We aim to develop a completely datadriven approach. To achieve this goal, other statistical methods such as logistic regression (Chung and Agterberg, 1980; Collett, 1991) and recursive modeling (Hawkins and Kass, 1982) will be explored. We hope to report on this ongoing work in the near future.
In the mean time, those researchers interested in testing our database using their own expert knowledge are encouraged to visit our website http://www.uct.ac.za/depts/cigces/ or http://gondwana.brgm.fr/, and explore the database according to their own recipes. 
Appendix 1
